Membrane bioreactor (MBR) 
Introduction
Membrane bioreactor has become one of the popular technologies in filtration systems and has become a requirement in wastewater treatment technology. Membrane bioreactors (MBRs) can be defined as integrating biological degradation system of waste products with membrane filtration. Membrane bioreactor is one of the technologies to replace conventional activated sludge because MBR can be classified as the best alternative solution. A lot of advantages has been discovered by using membrane bioreactors over conventional technologies [1] . Therefore, membrane becoming popular for wastewater treatment [2] [3] [4] . Membrane bioreactor has been verified to be very competent since it able to give better treatment in waste water in term of producing good and high quality effluent.
MBR is a waste water technology that combines the biological process and membrane filtration system. Membranes bioreactors also enable high removal efficiency of chemical oxygen demand (COD) and biological oxygen demand (BOD), low production of excess sludge and allow high concentrations of mixed liquor suspended solids (MLSS), and water reclamation. Membrane bioreactor technology has recently attracted extraordinary attention because of the advantages over conventional activated sludge process, the growing demand for water reclamation, more stringent emission standards and steady decline in the cost of the membrane [5] [6] [7] [8] [9] . In addition, MBR technology also have a very good quality effluent, higher load ume, good disinfection ability, reduced footprint and sewage production, improved nitrification and process flexibility towards changes in the influent [10] .
However, membrane fouling is a main problem to the wide application of MBRs [5] . Fouling in MBRs contribute to sludge cake deposition and pore clogging on membranes [11] . With respect to membrane bioreactors, membrane fouling caused by the deposition of sludge flocs to the surface of the membrane, adsorption of dissolved or colloidal materials within / on the membrane, the detachment foulants mainly due to shear forces, the formation of a layer cake on the surface of the membrane and a change in the composition of space and time foulant during long -term operations [5] . Membrane fouling results in a reduction of permeate flux or an increase of transmembrane pressure (TMP) depending on the operation mode. Fouling affects also decreased plant productivity, lead to a higher replacement costs, inefficient [4] . However, if not handled carefully it will caused lower filtration output and higher operating costs [12] . In the literature to date, ANNs have been used for classification [13] , simulation [14] [15] [16] , monitoring [17] and controlling [18] of membrane bioreactor processes of wastewater treatment plants. Submerged membrane flocculation hybrid systems for synthetic waste water treatment filtration model was developed by [19] using different types of neural network structure. The modelling results of Radial basis function neural network (RBFNN), general regression neural network (GRNN) and Multilayer perceptron neural network (MLPNN) was compared in term of its performance. The input of the model are filtration time and coagulation dose, while the permeate pH, permeate DOC and transmembrane pressure are the output of the model. All of the three types of ANN structure give better prediction of the transmembrane pressure profile during the process of filtration. In addition, the work by [20] developed two types of feedforward artificial network which are radial basis function (RBF) and multilayer perceptron (MLP) to achieve of this work. The selection of RBF and MLP are because of their capability to detect complex nonlinear relationships in the data. The RBF uses hyperspheres while MLP employs hyperplanes to divide the pattern space into various classes [21] . The input of the model is filtration time, cross-flow velocity, temperature, TMP, feed pH while the output is permeating flux. The result shows that ANN technique has a good performance and high accuracy. According to the result, the most significant one is filtration time, and then followed by temperature, cross-flow velocity, feed pH and transmembrane pressure.
Then, RBFNN have been effectively applied for solving problems of dynamic system because the prediction of the behaviour is directly achieved from input and output data [22] , [23] . The RBFNN has the advantages of an adaptation capability, robust ability, learning stage without any iteration of updating weights and fast learning of the process. The structure of the basic RBFNN consisted of one input layer, one output layer and one hidden layer. The work by [24] was applied the RBFNN to model the effluent quality parameters of an SMBR treating combined industrial and municipal wastewater. The inputs for RBFANN model are HRT, pH, mixed liquor atile suspended solids (MLVSS), total dissolved solids (TDS), and influent concentration of parameters. The best results showed that the training and testing for effluent COD, BOD, TP and NH4 −N were successful.
Research Method 2.1. Radial Basis Function Neural Network
Treatment process models are crucial tools to ensure appropriate operation and better control of waste water treatment plants [25, 26] . It is important to have a good of MBR filtration model that can predict the filtration dynamic performance especially the effect of fouling to the physical cleaning mechanisms such as aeration air flow, backwash and relaxation [12] . With this model a simulation of filtration performance can be optimized and control. Radial Basis Function Neural Network algorithm has been proven to be useful and beneficial in many industrial applications. As the development of RBF algorithm progresses until now, we can see that RBF has its own structure and network topology. The general RBF architecture can be represented in Figure 1 . RBF are consists of several layers. It made up of a number of interconnected nodes that contain an activation function. Patterns are presented to the network via the input layer, which communicates to one or more hidden layers where the actual processing is done via a system of weighted connections. The hidden layers then link to an output layer where the answer is output as shown in Figure 1 . The network can be represented as follows:
Where i= 1,2,3,4 …k,
The output of the hidden layer is given by:
is the input vector, is the center of the hidden node, k is the number of hidden nodes, is the width of hidden node, is the weight number of output layer and indicates the output of the network.
Performance Evaluation
In this work, the performance of prediction of permeate flux for all method was based on three criteria which are correlation coefficient (R Where wᵢ is the actual value from the measurement data, ŵᵢ is the predicted value and and N is the number of data point.
Experimental Setup
The experiments were carried out from previous researcher [12] in three double-walled cylindrical column bioreactors. The palm oil mill effluent (POME) with the ume 20L were taken from Sedenak Palm Oil Mill Sdn. Bhd. Johor, Malaysia. The plant was operated with 90 second permeate and 30 second for relaxation period. The temperatures of working for the bioreactors were at 27 ± 1 °C. The airflow rate at the first half of the experiment is maintained around 8 SLPM while the airflow was lowered down to about 5 SLPM at the second half of the Table 1 shows the list of parts used in the pilot plant development. 
Results and Analysis
The data collected from previous researcher was divided into two set of data. The first data is set as training data was taken 60% from the overall data. While, another set is 40% testing data. The data have two inputs which are aeration airflow and TMP. The output of the data is permeate flux. Figure 3 shows the comparison between RBFNN and FFNN of training data for aeration airflow input. In terms of the evaluation performance, both methods gave almost similar performance and are able to match the flux decline. This performance can be proven by evaluation criterion used where %R 2 , MSE and MAD. RBFNN and FFNN showed almost similar result with the score 85.38% and 84.94% for R 2 respectively. MSE performance for both RBFNN and FFNN are 0.0068 and 0.0065, respectively. Then, the MAD for RBFNN is 0.0440 while 0.0443 for FFNN. Figure 4 shows the training data using TMP input. Only small deviations can be observed from both of the methods. From the graph, the R 2 performance for RBFNN and FFNN are 84.76% and 80.77%, respectively. Meanwhile, the MSE for RBFNN and FFNN are at the 0.0074 and 0.0087, respectively. The MAD score is 0.0405 for RBFNN and 0.0889 for FFNN. Table 2 presents the performance evaluation for both methods in the training and testing data. 
Conclusion
Membrane bioreactor became an important technology in wastewater treatment process nowadays. High concern on the environment pollution and stringent requirement of effluent requirement makes this technology getting more attention worldwide. Successful operation in MBR is much depends on the membrane filtration performance. This paper presented the measurement and prediction of permeate flux in the submerged membrane bioreactor filtration using RBFNN and FFNN. From the result, RBFNN give good prediction in the training and testing data. RBFNN also was more reliable and accurate for the permeate flux prediction. A precise prediction model is important to ensure the effectiveness of the control design. An appropriate modelling technique must be considered because this model will determine the true dynamic of the filtration system that will be used as a foundation in the design of advanced control system. 
